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Abstract: Bathing water quality has been monitored in the west coast of Tangier, Morocco due to
increased urban and industrial discharge through the Boukhalef river, using in-situ bacteriological
measurements which demand high economical and temporal costs. In this study, Landsat 8 Thermal
Infrared Sensor (TIRS) images were used as an alternative to the classical method, for determining
bathing water quality to help decision makers obtain up-to-date and cost-effective information
for coastal environment protection. For this purpose, during spring and summer 2017, seven
sampling points were examined in terms of bacteriological parameters: Total Coliforms (TC), Faecal
Coliforms (FC), Intestinal Enterococci (IE) and Escherichia coli (E. coli). Also, a spatial-temporal
analysis was performed in this temporal window to detect temperature anomalies and their spatial
distribution along the coastal bathing area. In addition, a relationship between in-situ bacteriological
parameter measurements and temperature from satellite images was analyzed. The results of the
water temperature distribution showed the highest values next to the Boukhalef river mouth, as well
as the poorest water quality according to in-situ measurements, while lower values and better water
quality status were observed moving away from the Boukhalef river mouth. The relationship between
water temperature and bacterial concentration showed a high correlation coefficient (R2 = 0.85).
Consequently, the model development approaches used may be useful in estimating bacterial
concentration in coastal bathing areas and can serve to create a monitoring system to support decision
makers in the protection actions of the coast.
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1. Introduction
Over 40% of the world’s population lives alongside the coastal zone [1]. Coastal waters offer
some of the best landscape areas used for recreational activities [2] and for other important purposes;
marine aquaculture, commercial navigation or as a repository for sewage and industrial waste [3].
Such activities are not always compatible with one another. Moreover, their increase can cause changes
to this ecosystem and can endanger human health and the habitats of aquatic organisms [4,5]. Therefore,
sustainable coastal water requires water resource control and continuous monitoring. In addition,
water treatment requires an understanding of the quality of water bodies.
Water quality takes into account the thermal, physical, chemical, and biological characteristics of
a body of water. It is used as an index to determine the water’s suitability for human consumption
or recreational use. Defining water quality can be difficult, as its usage varies widely: For example,
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parameters of water that are suitable for crop irrigation differ from those for human consumption.
Furthermore, it is usually linked to water consumer safety. There is a wide range of both chemical and
microbial contaminants that may be found in drinking water, some of which can have negative health
effects on consumers. Understanding the nature of sources of pollutants and how these may enter the
water supply is important for assuring water safety.
In this context, water quality has a direct relation to urban, agricultural and industrial discharges.
Furthermore, urban waste waters cause fecal pollution of surface water which is a worldwide concern.
In addition, urban storm water runoff, containing large quantities of fecal microbes, has been shown to
contribute to surface water quality [6]. It has an important effect on both public health and the economy
as a result of beach closures, limited fishing or degradation of drinking water sources [7]. On the other
hand, agricultural run-off and industrial waste water contribute to eutrophication processes causing
an accumulation of phytoplankton. The nutrient increment supports the excessive growth of plants
that causes the water to become more turbid, affects fish populations or accelerates algae blooms [8].
Therefore, the quality of water affects all components of the aquatic ecosystem [9]
Key water quality indicators would include dissolved oxygen, water temperature, pH, Escherichia
coli (E. coli), specific conductance, nitrates, transparency and the visual test [10]. These water quality
indicators, including physical, chemical and biological properties, are traditionally determined by
in-situ measurements and collected samples to be analyzed in the laboratory [11], and are compared
with their standard value to determine water body status [12]. Moreover, several water quality indexes
have been developed by translating these water quality indicators into numerical scores [13]. Effective
assessment of water consumer safety is based on probabilistic data, expert opinions and linguistic
descriptions; in addition, it is also associated with subjective factors [14]. Therefore, new methods,
such as neural networks, are needed to manage water consumer safety [15]. Although, the classical
method of determining these water quality indicators offers valuable information it requires high
economical and temporal costs [16] and it is not feasible to obtain these water quality parameters
regularly on a regional scale [17].
With advances in Earth observation programs, remote sensing techniques have become useful
tools for monitoring and evaluating water quality in a more efficient manner, being in use since the
1970s [18,19]. Most of the studies using remote sensing techniques have focused on optical properties
as well as chlorophyll [20,21], total suspended matters [22], turbidity [23] and dissolved organic
matters [24,25]. These studies were performed using different sensors onboard satellites or aircraft
platforms with different spatial and spectral resolutions, being necessary to understand their properties
to choose the most adequate for the objectives of the study [11].
Water temperature surface is an important parameter for biological, chemical and physical
processes occurring within water. Moreover, air and water temperature interaction is important
because it regulates these processes. Changes in water temperature have an important environmental
impact [26]. Therefore, mapping and monitoring coastal waters is necessary to protect the health
of the coastal marine ecosystem and to ensure bathers’ health. Sea Surface Temperature (SST) is
an important factor that represents gradient in the first several centimeters of the water, which is usually
sustained by the atmospheric heat flux [27]. Traditional shipboard SST measurements provide accurate
temperature values, however they are time-consuming and expensive [16]. On the other hand, thermal
images from satellite or aircraft platforms provide a regular sampling of SST, improving measurement
capability [27,28]. SST measurements from thermal bands have been used to study the impact of
nuclear power plants in the coastal ecosystem [29], its relationship with earthquakes [30], to monitor
thermal stress in marine ecosystems [31,32], turbidity [33] or to detect groundwater discharge areas [34]
or oil spills [35].
Coastal water quality is often monitored through bacteriological analyses [4,36,37]. Generally,
the control of coastal waters quality is carried out measuring the concentration of Escherichia Coli,
Intestinal Enterococci, Total Coliforms, Faecal Coliforms [38]. These parameters indicate the quality of
the coastal waters and assess the environmental problems [39]. It has been demonstrated that Escherichia
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coli is commonly used as a good indicator of fecal contamination in rivers and coastal waters [40,41].
However, since most coastal zones stretch for thousands of kilometers, it is not an easy task to identify
the coastal reaches that require early and increased attention. In this context, remote sensing emerges
as a potentially important source of information for the detection of marine pollution [42–45].
Fecal bacteria models have been attempted in limited applications [46], for example in beach
recreation areas [47], storm water ponds [48] and shellfish management settings [49]. These models
use different predictors, including in-situ water temperature measurements. The survival of fecal
micro-organisms in water may be significantly influenced by the combination of high temperature,
low conductivity and low pH [50]. Focused on fecal pollutants, remotely sensed images have been used
mainly to determine land covers in stream watersheds [51–53]. Showing that water quality indicators,
temperature and fecal pollutants, are related.
In the present study, fecal bacteria were measured in bathing waters and their association with SST
measurements was tested from remotely sensed thermal images in the west coast of Tangier, Morocco.
This study focused first on analyzing spatio-temporal variation of bacteriological pollutant and SST,
and second on building a statistical model based on SST values from remotely sensed images to predict
bacteria concentrations in bathing waters.
2. Material and methods
2.1. Site Description
The study area is located in north-western Morocco (Figure 1), (upper left 35◦46′38”N, 5◦57′53”W;
lower right 35◦40′32”N, 5◦55′38”W, coordinate reference system WGS-84) and occupies a coastal stretch
of 15 km, along the west coast of Tangier, covering six beaches from Sol beach to the Diplomatic Forest
beach, including the Boukhalef watershed. The west coast of Tangier is one of the most important
popular tourist destinations on the Atlantic coast [54]. There are numerous human activities in the area
including industries, urban areas and a series of seaside resorts and hotels along the coastline that have
a negative impact on the Boukhalef river [55]. Figure 2 represents a point of pollutant discharge into
the Boukhalef river (Figure 2a), following its stream (Figure 2b) until the coast is reached (Figure 2c) at
the river mouth (Figure 1, S5). The waste waters of these activities are often characterized by a high
concentration of pollution parameters [56]. Therefore, the absence or weakness of treatment of this
industrial drainage leads to potential hazards. However, close to the Boukhalef river mouth there is
a wastewater treatment station and two industrial zones, as well as areas with touristic and urban
activities. In addition, the distribution of discharges from the Boukhalef river is under the effect of the
wind, coastal currents and rain conditions, meaning that the western coast of Morocco is characterized
by strong hydrodynamic conditions. Moreover, two coastal beaches, Jbila (Figure 1, S4) and Sidikacem
(Figure 1, S6), are known to be chronically contaminated due to large volumes of industrial liquid
discharge from the Boukhalef river. These two beaches are at a distance of 800 m from S5.
To complete this study, four beaches at different distances to point S5 have been included to map
out the area of influence from the river mouth. To the north, the following beaches have been taken
into account: Sol (S1, 5300 m), Bacacem (S2, 4600 m) and Achekar (S3, 4000 m), while in the southern
part, the Diplomatic Forest has been considered (S7, 6100 m).
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2.2. Landsat Imagery
A total of four Landsat 8 images covering the west coast of Tangier have been used in this study,
from April–August 2017 (Table 1). The month of July has not been included in the study because we
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did not have a cloud-free image for that period of time. Landsat 8 carries two sensors; the Operational
Land Imager (OLI) and the Thermal Infrared Sensor (TIRS). OLI collects data in nine spectral bands
with a spatial resolution of 30 m (15 m for panchromatic band 8) [57]. TIRS measures thermal data at
100 m spatial resolution using two bands at 10 and 12 µm [58]. In this study, we used standard terrain
corrected data, level 1 T.
Table 1. Landsat 8 images. Timing is referenced to the Greenwich Mean Time (GMT).
Landsat ID Path Row Date Time
LC08_L1TP_202035_20170414_20170501_01_T1 202 35 14-APR-17 10:56:08
LC08_L1TP_202035_20170516_20170525_01_T1 202 35 16-MAY-17 11:02:08
LC08_L1TP_202035_20170617_20170629_01_T1 202 35 17-JUN-17 11:02:24
LC08_L1TP_201035_20170813_20170825_01_T1 201 35 13-AUG-17 10:57:04
2.3. In-Situ Measurements
Based on their vulnerability to contamination [59–62], seven sampling points were selected along
the west coast of Tangier for bacteriological analyses (Figure 1). At these points, samples of bathing
water were collected the same day and time of images acquisition. Each sample was georeferenced
using a GNSS receiver Leica 1200 (Hexagon AB, Stockholm, Sweden). The samples were performed
from 50 cm up to 1 m depth using sterilized glass bottles. All samples were kept in cooled boxes
during the transport and labeled with location and date, being analyzed within 24 h.
Bacterial pathogen analyses were performed following standard methods for: Total Coliforms
(TC), Faecal Coliforms (FC) and Escherichia coli (E. coli) according to ISO 9308-1 [63] and Intestinal
Enterococci (IE) according to ISO 7899-2 [64]. Water samples of 500 mL each were filtered (pore size:
0.45 µm) (Figure 3a), transferred onto selective media and then incubated at an appropriate temperature
(Figure 3b). All measurements were confirmed before being determined as Colony Forming Units per
100 mL (CFU/100 mL) (Figure 3c–e). All bacteriological parameters measured were being compared to
the Moroccan quality standards adopted by the Ministry of Energy, Mines, Water and Environment of
Morocco (NM 03.7.200) [65].
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2.4. Study Procedure
In this study, the spatio-temporal pattern of thermal pollution was analyzed using Landsat 8
images through the steps shown in Figure 4 and explained in detail in the following sections.
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Firstly, a water mask was generated using near infrared band from the OLI sensor. Land and sea
surface were differentiated since the reflectance of water is nearly equal to zero in reflective infrared
bands while reflectance of land cover is greater than water [66]. As a result, a water mask was applied
to thermal band 10 to isolate water surface.
2.4.1. Water Surface Temperature Estimation
Digital Numbers (DNs) for each water pixel of thermal band 10 from Landsat 8 scenes were used
to calculate Sea Surface Temperature (SST). Thermal infrared remote sensing measures the radiant
energy emitted by the Earth’s surface, which makes it possible to compute the SST. By detecting the
emitted radiation, it is possible to determine SST and map even small temperature variations [67].
For this, it was necessary to remove the effects of the atmosphere in order to use thermal band image for
absolute temperature studies. The emitted signal from a target on the ground is both attenuated and
enhanced by the atmosphere. Therefore, it is necessary to take into account the atmospheric interaction
and use a Radiative Transfer Model (RTM) to remove atmospheric effects. A simplified radiative
transfer equation to define apparent radiance received by a sensor is equal to Equation (1) [68]:
Lsensor,λ(T) = τλεs,λBλ(T) + L
↑




Lsensor,λ: spectral at-sensor radiance (top of atmosphere) [W·m−2·sr−1·µm−1]
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τλ: atmospheric transmittance at λ [unitless].
εs,λ: surface spectral emissivity [unitless].
Bλ: ground radiance at a temperature T [K].
L↑atm,λ: upwelling atmospheric radiance in a λwindow [W·m
−2
·sr−1·µm−1].
L↓atm,λ: downwelling atmospheric radiance in a λwindow [W·m
−2
·sr−1·µm−1].
Landsat Level-1 thermal band was converted to spectral radiance at sensor (Lsensor,λ) using the
radiance rescaling factor (Equation (2)) [69]:
Lsensor,λ = ML·Qcal + AL (2)
where:
ML: band-specific multiplicative rescaling factor.
AL: band-specific additive rescaling factor.
Qcal: Quantized and calibrated standard product pixel values.
In this study, the emissivity of water was set as 0.9885 according to Simon et al. [70] The other three
parameters; transmission, upwelling and downwelling radiance were calculated using the Atmospheric
Correction Parameter Calculator (https://atmcorr.gsfc.nasa.gov) [71].






Ts: land/water surface temperature.
c: light speed, equal to 2.9979 × 108 m/s.
h: Planck constant, equal to 6.6261 × 10−34 J·s.
λ: wavelength.







where K1 and K2 are pre-launch calibration constant provided by the United States Geological Survey
(USGS) [74].
In addition, to validate estimated SST values, a comparison with in-situ observed water
temperature values using a thermometer were done, applying a simple regression model. These in-situ
temperature measurements were performed at the same time as bathing water sampling, as described
in Section 2.3.
2.4.2. Spatio-Temporal Analysis
Sample points were characterized in terms of SST and bacteriological water quality. Variations
between sample months and sample points, as well as possible correlations between bacteriological
data and temperature, were analyzed. To remove seasonal cycle variations, we took into account the
difference between sea and air temperature (Ts-Ta). First of all, a visual analysis was performed to
detect temperature anomalies and the spatial distribution along the coastal bathing area. Following,
the relationship between bacteriological parameters and Ts-Ta were evaluated and, finally, a model to
explain the relationship between them was created. Statistical analyses were done using R [75].
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3. Results
SST estimated values from Landsat 8 images and in-situ temperature measurements showed
a significant correlation coefficient, range from 0.89–0.98 (p < 0.001). Errors were acceptable in all
temperature images, root mean square error ranged from 0.67–0.75 ◦C, and showed good adjustment.
Figure 5 shows SST variations over four different months in three areas: Area 1 and Area 3 are
located north and south of the Boukhalef river mouth respectively, Area 2 represents Jbila beach (S4),
the Boukhalef river mouth (S5) and Sidikacem beach (S6). The SST was characterized by differentiation
and variation of values from Area 1, 2 and 3 during spring and summer 2017. The highest temperature
values were observed in Area 2 in the Boukhalef river mouth (S5). This area includes industrial zones
that have an adverse impact on the quality of bathing waters [56].
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As the distance to the mouth increases, the temperature in Area 1 and 3 decreases, which is proved
by the lowest SST found in these areas in April and May, 17 ◦C and 18 ◦C respectively (Figure 5 I.a, II.a,
I.c and II.c), and in June and August, 23 ◦C and 24 ◦C respectively (Figure 5 III.a, IV.a, III.c and IV.c).
In Area 2, S5 showed the highest SST in all the months: April, 23.58 ◦C (Figure 5 I.b); May, 23.42 ◦C
(Figure 5 II.b); June, 28.61 ◦C (Figure 5 III.b), and August, 29.75 ◦C (Figure 5 IV.b).
Table 2 summarizes the results of bacteriological in-situ measurements of the western coastal
waters of Tangier per sampling point and month. Additionally, quality class of bathing waters, SST and
air temperature are shown. Quality classes were assigned following Moroccan quality standards [65].
This standard defines class A as good quality, B as medium quality, C as temporally polluted and D as
poor quality. A Davis Vantage Pro2 weather station (Davis Instrument Corp., Hayward, CA, USA) was
used to monitor air temperature.
The in-situ measurements showed that the bathing waters of S5 were classified as class D while
S4 was class C during the four months, reflecting the presence of industrial activities, tourism and
important urbanization. On the other hand, S1, classified as B, and S2, S3 and S7 were classified as good
quality (class A). Nonetheless, this bacteriological analysis result shows heavy bacterial contamination
in agreement with those found by Bourouhou et al. (2018) [76] in the vicinity of Tangier region, north of
Morocco, which is in close proximity to our study area. The high concentration of E. coli in S5 suggests
that the local conditions favor the dispersion and reproduction of the E. coli at this point, due to the
surface run off and Boukhalef river water quality. In addition, from a preliminary analysis of Table 2,
it is observed that SST in the river mouth is always higher than the air temperature in S5. S4 and
S6 showed SST similar to the air temperature in spring and a little higher in summer. On the other
hand, samples distant from the river mouth (S1, S2, S3 and S7) always have SST values lower than the
air temperature.
Table 2. Bacteriological analysis results of the bathing water samples, quality class, air temperature (Ta)











Class * Ta [
◦C] SST [◦C]
April
1 250.00 21.98 58.41 191.20 B
21.09
20.75
2 372.59 19.80 79.33 80.52 A 18.34
3 156.77 45.07 40.00 41.85 B 17.59
4 441.83 130.00 49.63 539.00 C 21.18
5 5589.31 5772.96 5802.07 5535.68 D 23.58
6 486.88 162.65 47.06 230.00 B 21.08
7 34.53 13.09 5.46 7.16 A 17.93
May
1 279.79 11.81 88.76 150.00 B
20.26
18.29
2 330.83 15.45 69.14 84.40 A 17.81
3 154.83 55.08 50.00 33.48 A 17.59
4 433.64 165.82 75.05 562.49 C 20.35
5 5674.58 5743.15 5778.35 5589.31 D 23.42
6 495.43 170.79 47.94 265.93 B 20.19
7 38.00 15.12 6.26 8.63 A 18.24
June
1 245.45 17.59 104.82 152.96 B
25.00
24.51
2 306.87 15.84 101.13 73.95 A 25.33
3 167.42 64.54 76.30 33.48 A 23.68
4 448.00 177.64 86.91 569.98 C 27.58
5 5589.31 5757.00 5789.98 5508.03 D 28.61
6 489.10 165.85 36.93 275.04 C 27.00
7 41.21 10.48 5.92 4.91 A 24.00
August
1 250.00 26.48 73.01 150.00 B
26.81
25.80
2 315.89 23.00 81.70 60.00 A 25.16
3 140.00 66.36 62.50 49.71 A 24.58
4 390.40 163.43 62.04 566.07 C 27.99
5 5589.31 5651.26 5704.72 5589.31 D 29.75
6 466.02 139.55 38.66 264.22 C 26.79
7 40.00 16.00 4.57 6.47 A 24.00
TC: Total Coliforms, FC: Faecal Coliforms, IE: Intestinal Enterococci, E. coli: Escherichia coli (E. coli). Quality class:
A good quality, B medium quality, C temporally polluted and D poor quality. (*): NM 03.7.200 [65].
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Figure 6 shows a comparative for each bacteriological parameter and Ts-Ta for each sample
point and month. In-situ measurements showed that S7 had the lowest bacteriological concentration
values while S5, close to the river mouth, had the highest values. In addition, S1, S2 and S3 were
less contaminated than S4 and S6, in closer proximity to S5 (Figure 6a–d). Furthermore, Ts-Ta had
similar behavior as pollutants. The highest values of Ts-Ta were found in S5; in agreement with the
observed high bacteriological pollution during all months (Figure 6e) while S7, which represents
Area 3 showed the lowest values during all months. Therefore, Ts-Ta showed behavior equal to the
bacteriological concentration.
Remote Sens. 2019, 11, x FOR PEER REVIEW 10 of 17 
 
TC: Total Coliforms, FC: Faecal Coliforms, IE: Intestinal Enterococci, E. coli: Escherichia coli (E. coli). 
Quality class: A good quality, B medium quality, C temporally polluted and D poor quality. (*) :NM 
03.7.200 [65]. 
Figure 6  a comparative for each bacteriological p rameter and Ts-Ta for each sample point 
and month. I -situ measur ments showed that S7 d the lowest bact riological c ncentration values 
while S5, close to the river mouth, had t e highest values. In addition, S1, S2 and S3 were less 
contaminated han S4 and S6, in closer proximity to S5 (Figure 6. a, b, c and d). Furthermore, Ts-Ta 
had similar behavior as pollutants. The highest values of Ts-Ta were fou d in S5; in agre ment wit  
the observed high bacteriological pollution during all months (Figure 6e) hile  i  represents 




Figure 6. Evolution of bacteriological parameters and sample points by month for (a) Total Coliforms 
(TC), (b) Faecal Coliforms (FC), (c) Intestital Enterococci (IE), (d) Escherichia coli (E. coli) and (e) Ts-Ta. 
Figure 7 shows the relation of bacteriological parameters (TC, FC, IE and E. coli) and Ts-Ta for 
the seven sample points in the four months of sampling. Comparing the relationship between 
bacteriological parameters, they showed an adequate positive correlation between 0.85 (TC and IE) 
and 0.96 (TC and E. coli) (level of significance p < 0.05). From the comparison of the different 
scatterplots between pollutants, it was observed that in all of them, the lowest concentration was at 
point S7. On the other hand, S5 showed the highest concentration. This relationship between all 
bacteriological parameters was logical because they appeared in the same medium, in the same 
biological conditions and for the same cause. In addition, their presence is confirmed by the existence 
of each other. Comparison between bacteriological parameters and Ts-Ta showed also a positive 
Figure 6. Evolution of act ri l i l i ts by onth for (a) Total Coliforms
(TC), (b) Faecal Coliforms (FC), (c) I testit l i i coli (E. coli) and (e) Ts-Ta.
Figure 7 s r lation of bacteriological p ram ters (TC, FC, IE and E. coli) and Ts-Ta
for the s ven sample points in the four months of sa pling. Comparing the relationship betw en
bacteriological parameters, they showed an adequate positive correlation between 0.85 (TC and IE) and
0.96 (TC and E. coli) (leve of significance p < 0.05). From the comparison of the different scatterplo s
between pollutants, it was observed that in all of them, the lowes concentration was at point S7.
On the other hand, S5 showe the highest concentration. This relationship betwee all bacteriological
parameters w s logical b cause they appeared in t e same medium, in the same biological conditions
and for the same cause. In addition, their presence is confirmed by the exist nce of each oth r.
Comparison between bacteriological parameters and Ts-Ta showed also a positive correlation range
from 0.72 (IE and Ts-Ta) to 0.88 (E. coli and Ts-Ta) (level of significance p < 0.05). Consequently, it can
be assumed that as Ts-Ta increases, the concentration of contaminants in the water also increases.
Remote Sens. 2019, 11, 972 11 of 17
Remote Sens. 2019, 11, x FOR PEER REVIEW 11 of 17 
 
correlation range from 0.72 (IE and Ts-Ta) to 0.88 (E. coli and Ts-Ta) (level of significance p < 0.05). 
Consequently, it can be assumed that as Ts-Ta increases, the concentration of contaminants in the 
water also increases. 
 
Figure 7. Multi scatter plot of bacteriological parameters (Total Coliforms (TC), Faecal Coliforms, 
Intestital Enterococci (IE) and Escherichia coli (E. coli) and Surface temperature minus air temperature 
(Ts-Ta).  
It is agreed that Escherichia coli is the most commonly used bacterial indicator of fecal pollution 
[77]. Figure 8 shows in detail the relation between Ts-Ta and Escherichia coli. Both variables showed a 
lineal relationship with a correlation coefficient higher than 0.85 (p-value<0.05). Figure 9 shows a 
diagnosis of the lineal model. First of all, residuals are equally spread around dot horizontal line 
(Figure 9.a). It indicates there is a linear relationship between fitted values and residuals. Normal Q-
Q plot (Figure 9.b) shows how residuals are normally distributed, following a straight line not being 
deviated severely. Shapiro–Wilk normality test was applied to residuals getting W=0.9568 and p-
value= 0.292. From this result, the p-value is higher than 0.05 and therefore residual distribution is 
not significantly different from normal distribution. Figure 9c shows how residuals are spread 
Figure 7. Multi scatter plot of bacteriological parameters (Total Coliforms (TC), Faecal Coliforms,
Intestital Enterococci (IE) and Escherichia coli (E. coli) and Surface temperature minus air
temperature (Ts-Ta).
It is agreed that Escherichia coli is the most commonly used bacterial indicator of fecal pollution [77].
Figure 8 shows in detail the relation between Ts-Ta and Escherichia coli. Both variables showed a lineal
relationship with a correlation coefficient higher than 0.85 (p-value < 0.05). Figure 9 shows a diagnosis
of the lineal model. First of all, residuals are equally spread around dot horizontal line (Figure 9a).
It indicates there is a linear relationship between fitted values and residuals. Normal Q-Q plot
(Figure 9b) shows how residuals are normally distributed, following a straight line not being deviated
severely. Shapiro–Wilk normality test was applied to residuals getting W = 0.9568 and p-value = 0.292.
From this result, the p-value is higher than 0.05 and therefore residual distribution is not significantly
different from normal distribution. Figure 9c shows how residuals are spread equally along the ranges
of predictors, and therefore have equal variance. Finally, extreme values used in this value are not
influential to determine regression model. Figure 9d shows how any sample is outside the Cook’s
distance and therefore the regression results will not be altered if any measurement is excluded.
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Although these results allow information at a regional scale, it is necessary to improve the
temporal resolution of the data source. The changing conditions of coastal systems demand updated
information as time passes. Earth observation programs with medium spatial resolution, such as
Landsat, offer information every 15 days, therefore it is not possible to have daily data. Moreover, it is
necessary to take into account the presence of clouds masking the working area. Other programs,
e.g., MODIS, offer daily surface temperature with one-kilometer spatial resolution, as such it is not
Remote Sens. 2019, 11, 972 13 of 17
adequate to monitor small areas of bathing water. These first results invite continuing research in
order to develop a predictive model for determining fecal pollutant concentration in bathing waters by
remote satellite images. This predictive model will be based on in-situ measurements, wind models
and remote sensing thermal images among others. It will allow a reduction of temporal and economic
costs when sampling the field. Moreover, it will permit obtaining up-to-date information supporting
policies aimed at the conservation of the environment and creating a surveillance system, allowing the
creation of alerts for high concentrations of pollutants. Finally, it is possible to develop applications that
inform the bather of the quality of the bathing waters, favoring the development of tourism activities.
4. Conclusions
The results of the present study showed a high fecal pollution concentration and SST values in
Jbila and Sidikacem beach waters on the west coast of Tangier where discharges of the Boukhalef
river meet the ocean after it runs along a heavily industrialized area. In addition, low fecal pollution
concentration and SST values were located in other beaches moving away from the Boukhalef river
mouth. Therefore, a significant correlation between water remote sensing temperature from Landsat 8
images and different bacteriological parameters were found.
Also, the study presents a relatively simple model based on SST that can assist beach closure
decision makers. The regression model provides evaluation and detection of potential pollution in the
coast. Therefore, remotely sensed water temperature data can provide low cost, yet high temporal and
spatial resolution information for the assessment and regular monitoring of this region’s marine water
quality indicator. This is relevant because identification of certain bacterial groups and individual
species is very costly.
Hence, the study demonstrates the potential of remote sensing data as a useful indicator of
bacterial pollution in bathing waters in general, and in particular the importance of using thermal
satellite images as well as Landsat 8 TIRS bands in determining bathing waters’ quality, which could
be a cost-effective technique compared to classical methods.
Thereby, remote sensing images can provide a basis for modeling bathing water quality,
being a starting point for further research related to water quality objectives. Results will support
decision makers in establishing adequate policies to prevent environmental hazards and achieving
good water quality in the west coast of Tangier, Morocco in the future.
The present study should be taken as a preliminary result. Some objectives following this study
are as follows:
- In relation to the evaluation of water consumer safety, more robust and complex models
have to be developed, such as neuronal networks. These future models will manage
information from different sources, providing information to support decision makers based on
complex classifications.
- A dedicated campaign in the western coastal waters of Tangier, Morocco should be established to
provide a huge amount of necessary data as input to identify he network’s rules.
- Real-time modeling of bacteria concentrations is necessary as it aids decision makers in their
judgment of bathing water. This new service will be supported by predicted models based on
remote sensing thermal images and other data sources including, but not limited to, wind models
and in-situ measurements.
Finally, this research represents an additional step towards the development of this type of model
based on additional data sets from coastal observing systems or weather forecast.
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